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Abstract
In this paper, we draw attention to one unique and valuable source of big data, genomic data, by 
demonstrating the opportunities they provide to social scientists. We discuss different types of 
large-scale genomic data and recent advances in statistical methods and computational 
infrastructure used to address challenges in managing and analyzing such data. We highlight how 
these data and methods can be used to benefit social science research.
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INTRODUCTION
The era of big data characterized by the explosion of information is upon us. For example, 
more than 300 million photos are uploaded to Facebook every day;1 approximately 12 
billion Google queries are conducted each month;2 about two billion products were 
purchased from Amazon marketplace sellers in 2014.3 Such big data not only generate 
economic value, but also promise new scientific discoveries. One of the best-known 
examples is the research of Ginsberg et al. (2009) that sought to predict influenza epidemics 
using 50 million Google search queries. This research led to the development of Google Flu 
Trends, a web tool that can detect flu outbreaks seven to ten days before they are reported by 
the Centers for Disease Control and Prevention (CDC).4 As a more recent example, Preis et 
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al. (2013) used online search data to predict “early warning signs” of changes in the stock 
market. Their test runs identified the financial crisis in 2008.
Social scientists have embraced enthusiastically the use of big data. In 2011, sociologists 
Sott Golder and Michael Macy published a paper in Science on changes in individuals’ 
moods over time. Using 500 million public Twitter messages, they showed that people tend 
to have better moods when they wake up in the morning than later during the day, and the 
morning peak of positive moods is delayed by two hours on weekends (Golder and Macy 
2011). At the 2014 annual meeting of the American Sociological Association, at least seven 
sessions were held focusing on big data.
In this article, we draw attention to one important type of big data—genomic data—and their 
implications for the social sciences. Advances in genomics are among the most spectacular 
scientific achievements over the past few decades. These advances have dramatically 
improved our understanding in a wide range of areas such as biology, health, medicine, and 
human nature. Over the past two decades, the development in genomic technology has 
resulted in a phenomenal reduction in the cost of genomic data collection. As an example, 
when the Human Genome Project was accomplished in 2003 (IHGSC 2001, 2004), 
sequencing a single human genome for the first time cost $3 billion, and thousands of 
biologists and geneticists from the United States, the United Kingdom, Japan, France, 
Germany, and China spent 13 years on the project. By 2015, the cost of sequencing one 
individual’s genome has dropped to less than $1,000, and the task can be done in hours.5 
Such genomic revolution has led to a paradigm shift from investigation of the functions of 
single genes to analyzing the role and structure of the whole genome in hundreds and 
thousands of individuals. DNA sequencing data represent only one type of genomic data. 
Other types of genomic data include epigenomic data and genome-wide gene expression 
data. These data, when combined with traditional social science data, could lead to advances 
in social science that were unimaginable even a decade ago.
This paper is organized as follows. We first outline opportunities that genomic data provide 
for the social sciences. We then introduce different types of genomic data that have been or 
will be available and their potential contributions to social science research. We devote the 
rest of the paper to introducing statistical methods for analyzing one type of genomic data 
that are best-known and have generated many valuable findings: the genome-wide genotype 
data.
OPPORTUNITIES OF GENOMIC DATA FOR THE SOCIAL SCIENCES
In the social sciences it is commonly assumed that human beings are homogeneous at birth 
and that differences across individuals are attributed to social, cultural, and environmental 
influences. This assumption has been challenged by rapid development in molecular 
genetics. In recent decades, considerable effort and resources have been devoted to 
discovering genetic causes of human diseases (Visscher et al. 2012). The National Institutes 
5
“Ten years ago today, it was revealed that the human genome had been decoded. A medical revolution beckoned. So what happened 
next?” (http://www.independent.co.uk/news/science/ten-years-ago-today-it-was-revealed-that-the-human-genome-had-been-decoded-
a-medical-revolution-beckoned-so-what-happened-next-2011016.html accessed April 7, 2015)
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of Health (NIH)’s Catalog of Published Genome-Wide Association Studies (GWAS) of early 
2015 includes more than 2,000 publications that have established associations between 
thousands of genetic loci and human diseases as well as other traits (Hindorff et al.).
Reviewing evidence from behavior genetics based on biometrical analyses, Freese (2008) 
noted that most of social science outcomes at the individual level are genetically influenced 
to some extent, and that genetic effects on the outcomes must be mediated through a chain 
of biological and psychological mechanisms.
Many social science outcomes such as cognitive development, educational attainment, 
occupational status, binge drinking, and substance abuse are likely to be influenced by 
numerous interacting genetic and socioenvironmental factors. Incorporating genomic 
measures will help social scientists better understand the complex interplay among these 
socioenvironmental and genetic factors. In the following, we outline specific ways social 
science research may benefit from incorporating genomic information (see Belsky and Israel 
2014; Belsky et al. 2013c; Boardman et al. 2012a; Boardman et al. 2013; Boardman et al. 
2014; Boardman et al. 2015; Conley et al. 2015; Conley and Rauscher 2013; Conley et al. 
2013a; Conley et al. 2013b; Domingue et al. 2015; Domingue et al. 2014a; Domingue et al. 
2014b; Guo et al. 2008a; Guo et al. 2015a; Guo et al. 2015b; Guo et al. 2008b; Li et al. 
2015; Liu and Guo 2015; Liu et al. 2015; Mitchell et al. 2015; Mitchell et al. 2014; Mitchell 
et al. 2013; Perry Forthcoming; Pescosolido et al. 2008; Shanahan et al. 2008; Simons et al. 
2011). Genomic sciences are still under rapid development and new types of genomic data 
have been produced all the time. Therefore, the ways in which social science research may 
benefit from genomic advances are likely to be extended considerably in the future.
First, studies of gene-environment interactions probably represent the most important 
opportunities for social scientists. Gene-environment interaction refers to the 
interdependence between an environmental effect and a genotypic effect. Gene-environment 
interaction implies that an environmental influence is sensitive to the effect of a genotype 
and vice versa. Ignoring gene-environment interactions forces us to estimate only an average 
genetic effect (averaged over all environments) or an average environmental effect (averaged 
over all genotypes), thus potentially dismissing genetic, environmental or both effects. For 
example, suppose we estimate a model in which body mass index (BMI) is predicted by 
variants in the FTO gene and educational attainment. Gene-environment interaction is 
present when the effect of FTO on BMI depends on education or when the effect of 
education depends on FTO. Frayling et al. (2007) reported that individuals who carry 
particular variants of the FTO gene were found to weigh, on average, 1.2 kg more than those 
who do not carry such variants. This effect of 1.2 kg is obtained without considering the 
environment. The effect may be smaller than 1.2 kg (or even absent) for some individuals 
under certain social conditions but greater for others.
Findings from gene-environment interaction studies can be used in the development of an 
intervention strategy if there is evidence for exogenous environmental influences (Conley 
2009; Fletcher and Conley 2013; Guo et al. 2015b). The strategy removes or adjusts 
influences of social exposures resulted from genetic propensities (e.g., alcoholics cluster due 
to their shared genetic propensities to drinking). The strategy is based on the idea that 
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genotypes are fixed, but social exposures might be alterable. A variety of gene-environment 
interaction models have been proposed, theoretically discussed and empirically tested in the 
social sciences (Boardman et al. 2013; Conley et al. 2013b; Daw et al. 2013; Guo et al. 
2015b; Liu and Guo 2015; Mitchell et al. 2015; Shanahan and Hofer 2005).
Second, genomic data could help social science researchers obtain evidence for a causal 
argument. At least two strategies have been developed for this purpose. The more obvious 
strategy is to use genomic data for isolating socioenvironmental effects from genetic and 
other biological confounders. Socioenvironmental effects yielded by conventional social 
science models are often a mixture of social and genomic effects due to genomic 
confounding. In such cases, socioenvironmental effects are likely to be misestimated. For 
example, parental influences (measured by parental education, parental occupation, and 
parental income) on children’s educational attainment are rarely purely environmental. 
Because parents and children share 50% of their DNA, parental influences on children are 
ambiguously social and genetic. This ambiguity is the so-called gene-environment 
correlation (Jaffee and Price 2007; Wagner et al. 2013). Parental genetic effects and 
socioenvironmental effects are correlated and entangled. Purer social effects can be isolated 
when relevant genetic measures correlated with parental measures are explicitly included in 
the analysis (Conley et al. 2015).
As another strategy, certain genetic variants can be used as instrumental variables to 
establish causal relationships (Fletcher and Lehrer 2009). For example, variants in the 
ALDH2 (Aldehyde dehydrogenase 2 family) gene may be used to establish a causal 
relationship between alcohol consumption and a social science outcome such as educational 
attainment or occupational status. This approach takes advantage of the biological property 
that those with certain forms of ALDH2 have lower alcohol tolerance and higher allergy to 
alcohol consumption. These reactions essentially amplify the negative effects of alcohol 
consumption. The resulting variation in alcohol consumption can then be treated as an 
exogenous variable in a study on the effect of alcohol consumption. More generally, as 
Freese (2011):88) noted that “(T)he strict intragenerational exogeneity of the DNA sequence
—that the DNA sequence does not change as a result of external events or internal 
development,” DNA data may be explored in the design of a natural experiment.
Third, even if genomic measures are non-interactive and uncorrelated with social science 
measures, these genomic measures could still contribute to social science research. Non-
interaction and non-correlation mean that disregarding genomic information does not bias 
the estimated socioenvironmental effects; nevertheless, these genomic measures will 
improve prediction of the outcome under study. As more and more different types of 
genomic data and more and more measures within a type of genomic data are discovered 
and utilized, the predictability of human genome for human outcomes will increase. 
Improved predictability can enrich and deepen our understanding of social science models 
(Freese 2011).
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TYPES OF GENOMIC DATA
The role of genes in human traits has been traditionally investigated based on studies of 
twins, adoptees, or other family data. Such studies have been adopted in social science 
research to examine genetic and environmental contributions to social outcomes or to 
illuminate crucial biological mechanisms through which social context shapes individual 
outcome (e.g., Boardman et al. 2010; Boardman et al. 2012b; Guo and Stearns 2002; Nielsen 
2006; Nielsen and Roos 2015; Nielsen 2008; Turkheimer et al. 2003). In twin/family studies, 
genetic variants at the molecular level are not observed, and genetic and environmental 
contributions are estimated as latent variables based on relatedness among genetic relatives. 
Also, twin/family studies rely on critical statistical assumptions. These assumptions are 
questioned and violation of these assumptions may lead to biases in the estimates of genetic 
and environmental influences (Goldberger 1979).
With the availability of candidate gene data in the late 1990s and the first ten years of the 
21st century, many studies have been carried out linking human traits with DNA variants. 
Candidate genes allow social science researchers interested in gene-environment interactions 
to examine variations in the environmental influences on individuals with different 
genotypes (e.g., Caspi et al. 2003; Caspi et al. 2002; Daw et al. 2013; Guo et al. 2008b; Guo 
et al. 2007; Mitchell et al. 2015; Mitchell et al. 2011; Simons et al. 2011). This candidate 
gene approach, however, has been criticized because its findings are often not replicated in 
subsequent studies, and the reliability of this approach has become a concern (Charney and 
English 2012; Risch et al. 2009). The need to produce more robust and replicable findings 
called for genome-wide methods with more comprehensive genetic variant coverage and 
more conservative gene-selection thresholds (Caspi et al. 2010; Duncan and Keller 2011).
A major data revolution has occurred in genomic studies since the middle of the first decade 
of the 21st century. During the period, advances in genomic sciences and technology have 
produced a dazzling range of genomic data. In this section we describe four major types of 
data that are already generated and analyzed routinely in the field of genomics: genome-
wide genotype data (i.e., GWAS data), DNA sequencing data, epigenomic data, and gene 
expression data. Genome-wide genotype data have been the most familiar to social scientists 
(e.g., Boardman et al. 2014; Conley et al. 2015; Domingue et al. 2014b; Guo et al. 2015a). 
Although the usefulness of other types of genomic data to the social sciences remains less 
examined, making these data known will help draw attention to them and get their 
usefulness investigated.
Genome-wide Genotype Data
The human genome includes approximately 3 billion DNA base pairs (e.g., A-T or C-G) and 
about 1/300 of them vary across individuals (IHGSC 2004). Genome-wide genotype data 
use tag single-nucleotide polymorphisms (SNPs) to capture most of the DNA variation 
across the human genome. Such data typically measure 100,000–2,500,000 SNPs for each 
individual. These data are analyzed to identify DNA variants associated with specific 
phenotypes in the population (Hirschhorn and Daly 2005). Measuring genome-wide 
genotype data has been becoming increasingly less expensive over the years, rendering it 
feasible to large-scale social science surveys. The Health and Retirement Study (HRS), for 
Liu and Guo Page 5
Soc Sci Res. Author manuscript; available in PMC 2017 June 22.
A
uthor M
an
u
script
A
uthor M
an
u
script
A
uthor M
an
u
script
A
uthor M
an
u
script
example, has genotyped more than two million genetic variants from each of about 20,000 
respondents who provided DNA samples.6 Genome-wide genotype data of a similar scale 
have been collected in the National Longitudinal Study of Adolescent to Adult Health (Add 
Health)7. All of these data have been or will be publicly available through the NIH database 
of Genotypes and Phenotypes (dbGaP) (http://www.ncbi.nlm.nih.gov/gap). Together with 
longitudinally tracked health and social outcomes, as well as social contexts, these genome-
wide genotype data are poised to make major contributions to the social sciences.
Social science research can benefit from genome-wide genotype data in various ways. Most 
importantly, such data can be used to assess interactions of the social environment and 
genes. In contrast to candidate gene studies that focus on one or a few genetic variants, 
studies based on genome-wide genotype data can provide a more comprehensive picture of 
gene-environment interactions by incorporating information from the whole genome. 
Genome-wide genotype data have been successfully used in assessing gene-environment 
interactions in medical research (Garcia-Closas et al. 2013; Wu et al. 2012). Similarly, social 
scientists can take advantage of such data to study social outcomes such as personality, 
delinquency, and educational attainment. In addition, genotype-wide genotype data can be 
used to isolate social environmental effects from genetic confounders. Conley et al. (2015), 
for example, estimated parental influence on children’s educational attainment by 
controlling a polygenic score constructed using genome-wide genotype data. This approach 
can be extended to estimate “pure” environmental influences on other outcomes of interest 
to social scientists.
DNA Sequencing Data—DNA sequencing is the process of establishing the precise order 
of all base pairs within a DNA molecule. Current genome-wide genotype data typically 
cover common variants (the frequency of each alternative form of the same genetic variant is 
greater than 5%). Yet rare variants (the frequency of at least one alternative form of the same 
genetic variant is below 5%) largely outnumber common variants and may significantly 
contribute to human phenotypes (Altshuler et al. 2010a). Data on rare variants were limited 
due to the high cost of DNA sequencing. Recent technological advances made it possible to 
sequence a genome faster and at a lower cost. Heretofore, through sequencing, the Human 
Genome Project, the SNP Consortium, the International HapMap Project, and the 1000 
Genome Project have collectively identified approximately 40 million common and rare 
variants (Altshuler et al. 2010a; Altshuler et al. 2012; Altshuler et al. 2010b; Consortium 
2001; Consortium 2004; Consortium 2005; Frazer et al. 2007; Sachidanandam et al. 2001).
Rare variants may also play an important part influencing complex social outcomes. If rare 
variants are dismissed, the genetic contribution to the phenotype of interest can be 
substantially underestimated. Take educational attainment as an example. While the 
heritability of educational attainment is estimated to be around 40% (Branigan et al. 2013), 
all measured common variants together explain only 2% of the total variation in educational 
attainment (Rietveld et al. 2013a). Such a discrepancy might be, at least partially, due to 
unmeasured rare variants. Although methods to handle sequencing data are still in their 
6Health and Retirement Study GWAS Data. (http://hrsonline.isr.umich.edu/gwas accessed July 12, 2015)
7Add Health GWAS data (http://www.cpc.unc.edu/projects/addhealth/design/wave4 accessed July 12, 2015)
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infancy, such data will likely prove valuable for the social sciences. They can provide a rich 
database to assess genetic contribution and thus improve our understanding of gene-
environment interactions and genetic confounding.
Genome-wide DNA Methylation Data—Social scientists are particularly excited about 
the opportunities provided by epigenetic data (Landecker and Panofsky 2013; Shanahan 
2013). The exceptional interest in epigenetics derives from that epigenetic mechanisms 
could alter how genes are expressed without modifying the underlying DNA sequence. 
Epigenetics is often considered a bridge that connects nature and nurture. Epigenetic 
processes are highly interactive with environment: environmental variation may routinely 
change epigenetic patterns, which can, in turn, affect phenotypes. Epigenetics is therefore 
poised to make major breakthroughs in understanding how genes are regulated and 
expressed in relation to environmental exposures and life course experiences.
DNA methylation is an epigenetic mechanism used by cells to control gene expression. By 
adding methyl groups to DNA, methylation modifies the function of the DNA. As a 
consequence, the same genetic variant may express distinct phenotypes depending on the 
state of epigenetics. Beach et al. (2014), for example, found that cumulative socioeconomic 
disadvantage was associated with methylation patterns in promoter regions that may lead to 
mental and physical health risks in African American young adults. In another study, Yehuda 
et al. (2015) showed that holocaust exposure affected FK506 binding protein 5 (FKBP5) 
methylation that was observed in exposed parents as well in their offspring.
Recent development in genomic sciences has made it possible to measure epigenetic 
markers across the whole genome in large population-based samples (Rakyan et al. 2011). 
Genome-wide DNA methylation profiling, for example, can measure 500,000 to 1 million 
methylation sites per individual (Michels et al. 2013). An integration of such genome-wide 
DNA methylation data with longitudinal socioenvironmental measures will enable social 
scientists to improve our understanding on how epigenetic mechanisms mediate effects of 
the social environment on a phenotype over time (Mitchell et al. 2016; Notterman and 
Mitchell 2015; Shanahan and Hofer 2011).
Gene Expression Data—Genes affect phenotypes only when they are expressed, that is, 
when genetic information is used in syntheses of functional gene products such as enzymes 
and hormones. There are several steps in the process of gene expression, including the 
transcription, RNA splicing, translation, and post-translational modification of a protein. 
Gene expression is typically measured by the amount of messenger RNA (mRNA) produced 
by a gene. Various techniques can be used to detect gene expression level, including 
differential display, northern/southern blots, DNA microarray, serial analysis of gene 
expression (SAGE), and RNA sequencing (RNA-seq). RNA-seq, currently the most 
advanced technique, for example, can detect the presence and quantity of RNA in a 
biological sample at a given moment in time.
Gene expression has been shown to be associated with the social environment (Cole 2013). 
Findings based on animal experiments have provided evidence that the social environment 
regulates gene expression. In an assessment of genetic and environmental influences on 
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aggressive behavior of rhesus monkeys, the expression of MAOA is found to be sensitive to 
early social experiences (Newman et al. 2005). Findings from another study show that a 
female macaque’s ranking within her social environment affects the expression of nearly 700 
genes (Tung et al. 2012).
There are increasing human studies concerning the relationship between socioeconomic 
status (SES) and gene expression. Cole et al. (2007), for example, found that individuals 
who experienced chronic social isolation (i.e., loneliness) and those who experienced 
consistent social integration systematically differed in the expression of more than 200 genes 
in white blood cells. In a more recent study, Knight et al. (2016) showed that low SES is 
associated with increased expression of stress-related gene expression profiles in 
hematopoietic stem cell transplant recipients. These human studies are mostly based on 
observational designs and the associations between variations in the social environment and 
gene expression may not be causal (see Conley 2009; Fletcher and Conley 2013). 
Nevertheless, such studies may provide additional insights that help understand and explain 
the complex relationships among the social environment, genes, and phenotypes.
Advances in high-throughput RNA-seq technologies now allow researchers to survey 
expression of genes throughout the whole genome (Wang et al. 2009). Large social science 
surveys may collect whole-genome expression data when they become more affordable. 
These data in conjunction with genome-wide genotype data and social science measures can 
reveal new insights to important research questions, for example, which genes of interest are 
subject to social regulation, how the social environment provokes the dynamics, and what 
social, psychological and biological mechanisms mediate the effects.
ANALYTICAL CHALLENGES: GENOME-WIDE GENOTYPE DATA AS AN 
EXAMPLE
Analyzing genomic data is often quite different from traditional social science data analysis. 
Because of their massive sample size and high dimensionality, conventional statistical 
methods and data processing packages are often inadequate. In this section, we demonstrate 
recent statistical and computational advances in handling genome-wide genotype data. We 
focus on genome-wide genotype data because these data were made available the earliest, 
because geneticists and social scientists have had the most time to develop appropriate 
methods for such data, and because these data are already widely available for social 
scientists.
Genome-wide Association
The standard genome-wide association approach typically involves two procedures. First, 
each genetic variant is used to predict the trait in a statistical model. Because the prediction 
involves a large number of genetic variants, it is likely that some small p-values are due to 
chances. To address the multiple testing issue, a conservative p-value threshold (e.g., 5×10−8 
or smaller) is used to select associative variants. Second, even extremely small p-values do 
not completely rule out all possible false-positives (i.e., variants that do not contribute to the 
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phenotype are claimed as associative ones), thus replication using independent data is 
required to establish validity of the results.
The genome-wide association approach has been extended to study gene-environment 
interactions (Cornelis et al. 2012; Mukherjee et al. 2012; Thomas et al. 2012). In contrast to 
the traditional GWAS approach that assumes homogeneous genetic effects across samples, 
the genome-wide gene-environment interaction (GWGEI) approach allows genetic effects to 
vary across levels of the environmental indicator or vice versa. The first social science 
research using the GWGEI approach is the study of Boardman et al. (2014). Using more 
than 260, 000 SNPs, this study examined the interaction between each SNP and educational 
status (measured by whether the respondent has a colleague degree) on BMI. However, no 
consistent gene-environment interaction patterns were reported.
Although the GWGEI approach is useful to identify genetic variants whose effects on traits 
vary under different environmental conditions, it only estimates the interaction for one 
genetic variant and one environmental indicator at a time. An extremely stringent p-value 
threshold (e.g., 10−10) is required to minimize false positive findings (Hutter et al. 2013). 
Using such stringent standards may result in failures to identify interactions with moderate 
or small effects (i.e., Type II error) without a sufficiently large sample (Boardman et al. 
2014).
Polygenic Scores
Unlike the GWGEI approach that focuses on one genetic variant at a time, the polygenic 
score approach takes into account multiple variants simultaneously. The first successful 
polygenic score analysis using genome-wide genotype data was conducted in a study of 
schizophrenia (Purcell et al. 2009), which found few individual variants associated with the 
outcome, but a large number of variants together significantly predicted schizophrenia. The 
polygenic score approach has also been applied for other health-related traits such as height 
(Thorleifsson et al. 2010; Wood et al. 2014), BMI (Locke et al. 2015; Speliotes et al. 2010), 
and cardiovascular risk (Simonson et al. 2011).
There are two approaches to construct polygenic scores based on findings of extant GWAS: 
“top-hits” and “whole-genome.” The “top-hits” approach calculates polygenic scores by 
summing the number of risk alleles across genetic variants that pass a genome-wide 
significance threshold (p-values < 5 × 10−8) (e.g., Belsky et al. 2013c; Domingue et al. 
2014a; Liu and Guo 2015; Qi et al. 2012). The “whole-genome” approach is more liberal. In 
the “whole-genome” approach, polygenic scores are constructed using all or a large number 
of measured genetic variants (i.e., more liberal or less stringent p-value thresholds), 
assuming that these variants have moderate or small effects on the outcome (e.g., Conley et 
al. 2015; Domingue et al. 2015).
Belsky and Israel (2014) summarized three applications of polygenic scores in social science 
research. First, polygenic scores can be employed to investigate developmental processes. 
As an example, Belsky et al. (2012) examined associations between body weights at 
different life stages from birth to young adulthood and polygenic scores based on GWAS. 
They found that children had similar weights at birth in spite of their genetic predisposition, 
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but those with higher genetic risks grew at a high rate than those with lower genetic risks, 
and variations in the growth mediated genetic influences on obesity at later life. Similarly, 
polygenic scores have also been used in investigations of developmental characteristics of 
smoking and asthma (Belsky et al. 2013a; Belsky et al. 2013d). Second, polygenic scores 
allow social scientists to assess the complex interplay between social context and multiple 
genetic variants on complex traits. For example, Demerath et al. (2013) constructed a 
polygenic score based on 32 obesity-related SNPs [based on findings of Speliotes et al. 
(2010)], and examined birth-year variation in the genetic association with obesity-related 
traits. They showed that the genetic association with BMI for males born in 1970s was three 
times as great as that for those born in 1930s. In another study, using polygenic scores based 
on the same 32 SNPs, Liu and Guo (2015) provided evidence that cumulative socioeconomic 
advantage over the life course compensated for the genetic influence on BMI in middle and 
late adulthood, whereas cumulative socioeconomic disadvantage amplifies such genetic 
influence. Third, polygenic scores provide a way to study genetic and environmental 
contributions to social outcomes. Using genomic data from HRS, Domingue et al. (2014b) 
examined genetic and educational contributions to human homogeny (individuals tend to 
marry those who are similar to them). They showed significant genetic correlation between 
married couples, but the strength of the genetic correlation is only about 10% of the 
assortative mating by education levels.
In recent years, there are increasingly GWAS on social outcomes, such as personality (Moor 
et al. 2012), cognitive functions (Davies et al. 2016), educational attainment (Rietveld et al. 
2013a), antisocial behavior (Tielbeek et al. 2012), and subjective wellbeing (Benjamin et al. 
2016). Social scientists can take advantage of findings in these studies to construct polygenic 
scores for traits of interest.
There are also limitations in applying polygenic scores in social science research. First, 
polygenic scores lack molecular specificity. While polygenic scores provide an individual-
level measure of genetic predisposition to a trait, they offer little purchase on specific 
biological mechanisms through which genetic predisposition operates. Moreover, polygenic 
score results can be affected by population stratification. Currently most GWAS samples are 
of European descent. Differences in ancestry from this population may introduce noise into 
polygenic scores applied in other populations. Finally, genetic correlation between the 
discovery sample (i.e., the sample used to discover genetic associations with the trait and 
estimate their effects) and the study sample (i.e., the sample that provides genotypes in the 
calculation of polygenic scores) may bias the polygenic score results (Wray et al. 2013). 
GWAS meta-analysis often uses samples from different sources. If the study sample is part 
of the discovery sample, polygenic scores in the study sample might be biased. For example, 
HRS is included in some GWAS discovery samples and so polygenic scores constructed 
based on those GWAS may have inflated effect sizes in the HRS.
Genomic-relatedness-matrix Restricted Maximum Likelihood Estimation (GREML)
GREML is another innovative approach that handles genome-wide genotype data. GREML 
was initially developed to tackle the “missing heritability” issue in GWAS (Yang et al. 
2010). To illustrate, while about 80% of variance in human height is believed to be heritable, 
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height-related genetic variants identified in GWAS collectively explain less than 20% of 
observed height variation (Wood et al. 2014). A major explanation of the gap in the estimate 
of genetic contribution is that there are more genetic variants associated with the trait, but 
these variants cannot be identified using the traditional GWAS approach due to a lack of 
statistical power (Visscher et al. 2012). Using GREML, Yang et al. (2011) showed that 
genome-wide data account for more than 40% of the variation in human height. This method 
has also been used to estimate the genomic contribution to schizophrenia (Lee et al. 2012b), 
intelligence (Chabris et al. 2012; Davies et al. 2011), personality traits (Vinkhuyzen et al. 
2012), subjective well-being (Rietveld et al. 2013b), and economic and political preferences 
(Benjamin et al. 2012).
GREML can be applied by social scientists to study gene-environment interactions. Guo et 
al. (2015a), for instance, conducted a GREML analysis to examine how the collective 
influence of SNPs across the whole human genome on BMI differs by age and historical 
period. They found that the genomic influence on BMI weakened with age across the life 
course, and the genomic influence on BMI was substantially and significantly larger after 
the mid-1980s than in the few decades before the mid-1980s within each age group of 21–
40, 40–50, 51–60 and 60 and older. In other two studies, GREML was used to estimate the 
collective influence of a large number of SNPs on delinquency and violence under 
conditions with different levels of social control (Li et al. 2015; Liu et al. 2015). There is 
evidence that the collective genetic influence was greater among adolescents who lived 
under conditions with lower levels of social control than those who lived under conditions 
with higher levels of social control.
GREML has also been extended to estimate the genetic correlation namely, the extent to 
which different traits are influenced by common genetic variants (Lee et al. 2012a). Using 
the bivariate GREML model, Deary et al. (2012) estimated a highly significant genetic 
correlation of .62 between intelligence in adolescence (age 11) and in late adulthood (age 
65–78). In a more recent study, Boardman et al. (2015) examined the genetic correlation 
between education and health measures such as BMI, depression, and self-rated health. They 
found that the correlation between depression and education and between self-rated health 
and education were largely explained by common genetic factors, while there was no 
evidence that the correlation between BMI and education was influenced by common 
genetic factors.
GREML is not without shortcomings. It assumes that all SNP effects follow a normal 
distribution. Violation of this assumption may bias the results (Wang et al. 2015). In 
addition, GREML requires genetically unrelated individuals. Due to common environmental 
effects, the inclusion of related individuals could result in a biased estimate of the genetic 
variance. This requirement often leads to a reduction of the effective sample size. Finally, 
GREML estimates are sensitive to the sample size and the number of SNPs used in the 
analysis. The standard errors may increase dramatically when the sample size and the 
number of SNPs decrease (Kumar et al. 2016; Yang et al. 2016).
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Analytic and Computing Infrastructure
Big genomic data frequently requires non-generic software and powerful computing 
capabilities. Along with the explosion of large-scale genomic data, the computing 
infrastructure has been revolutionized. Specialized bioinformatics tools have been developed 
to manage and analyze these data. These tools can be freely downloaded and they provide 
researchers with great computational efficiency. PLINK (Purcell et al. 2007), for example, 
can finish a genome-wide analysis that estimates over 2,000,000 regression models using a 
dataset including more than 10,000 individuals in minutes. However, some genomic analysis 
requires such a computing power that it is impractical to process genomic data on a single 
computer. In such cases, we can partition big analytical tasks into smaller manageable 
subtasks that can be processed in parallel using computing clusters. Computational 
innovations (e.g., the MapReduce programming paradigm) have been developed to facilitate 
management and analysis of big data.
CONCLUSIONS
The increasing availability of genomic data and methods has opened up unprecedented 
opportunities for social scientists. Almost all human traits of interest to social scientists are 
complex traits influenced by both environmental and genetic factors. Various types of 
genomic data together with traditional social science measures will enable them to develop 
and test new research hypotheses and enrich existing theories.
Social scientists not only take advantage of advances in genomics, but also can make unique 
contributions to understanding complicated relationships among genes, phenotypes, and 
environmental influences. For complex traits such as smoking and aggression, effects of 
individual genetic variants are often small. To detect small genetic effects, data from 
different sources are combined to achieve sufficient statistical power. As a consequence, the 
large samples used in current GWAS may not represent a population of interest nor are there 
consistent phenotypic or environmental measures (Belsky et al. 2013b). Moreover, gene-
environment interaction research has typically focused on proximate environmental 
exposures of risks—such as temperature, radiation, virus, and injury— that interact with 
genetic factors to influence health or behavioral outcomes (Ottman 1996). There is a recent 
awareness of considering group-level social and cultural processes in the investigation of 
gene-environment interactions (Boardman et al. 2013; Guo et al. 2008b; Liu and Guo 2015; 
Shanahan and Hofer 2011; Simons et al. 2011). Social scientists can help design nationally 
representative samples with more consistent measures of phenotypes and environmental 
exposures of interest, and develop and test gene-environment interaction hypotheses 
informed by the social sciences.
In summary, the human genome is a unique and valuable source millions of years in the 
making. Genomic data are becoming available at a phenomenal rate. It is time for social 
scientists to collaborate with biologists and geneticists to bring these data together with 
conventional social science data to advance scientific knowledge and innovation.
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